Face recognition is an emerging field due to the technological advances in camera hardware and for its application in various fields such as the commercial and security sector. Although the existing works in 3D face recognition perform well, a similar experiment setting across classifiers is hard to find, which includes the Random Forest classifier. The aggregations of the classification from each decision tree are the outcome of Random Forest. This paper presents 3D facial recognition using the Random Forest method using the BU-3DFE database, which consists of basic facial expressions. The work using other classifiers such as Neural Network (NN) and Support Vector Machine (SVM) using a similar experiment setting also presented. As for the results, the Random Forest approach has yield 94.71% of recognition rate, which is an encouraging result compared to NN and SVM. In addition, the experiment also yields that fear expression is unique to each human due to a high confidence rate (82%) of subjects with fear expression. Therefore, a lower chance to be mistakenly recognized someone with a fear expression.
INTRODUCTION
3D face recognition is the enhancement of face recognition technology in a few aspects. It has the possibility to overcome feature localization, pose and illumination problems. 3D face recognition is known for its easy and nonintrusive acquisition of face information compared to the other biometrics. Moreover, 3D face recognition has the low privacy of information compared to signatures and fingerprints (Gökberk et al., 2008) . In recent years, 3D face recognition system has become a popular biometric system due to its higher capability and accuracy, and for its application in various fields such as in commercial, security, health and banking sector.
Existing works in 3D face recognition have been using various kinds of classifiers, for example, Neural Networks (NN) (Hu et al., 2013; Kim et al., 2017) , Support Vector Machine (SVM) (Mousavi et al., 2008) , Principal Component Analysis (PCA) (Lee & Han, 2006) and Linear Discriminate Analysis (Drira et al., 2012; Hiremath, 2013) . These classifiers have a few issues when dealing with high dimensional data and facing an overfitting problem. Works using Random Forest also have been discussed in Salhi et al. (2012) and, Kremic and Subasi, (2016) . However, the comparison with other classifiers using a similar experimental setting has not been presented in any work.
Our objectives are to develop 3D facial recognition using Random Forest and to compare Random Forest with two existing methods, which are Probabilistic Neural Network (PNN) and SVM using a similar experiment setting. In this paper, the analyses of the 3D face recognition experiments conducted are presented. Section 2 describes the existingrelated Random Forest works in this study and followed by an explanation of our work in section 3. Section 4 discusses the results and analysis of the experiments. Finally, the conclusions and future works are drawn.
RELATED WORKS

Random Forest
Random forest is one of the most advanced ensembles learning algorithms available, and it runs efficiently on large databases (Kulkarni & Sinha, 2013) . In addition, Random Forest is also an effective method to estimate the missing data and capable of maintaining accuracy when a huge proportion of data is missing (Breiman, 2001) . Random Forest besides able to generate forest, which can be used on additional data in the future. Despite having those positive traits, Random Forest has its own drawbacks where it can be over fitted for certain data sets, which include data sets used in classification and regression tasks. Plus, data with categorical variables as well as various numbers at a level will make the random forest become more biased towards the attributes which have more levels. Kremic and Subasi (2016) has proposed a 2D facial recognition with Random Forest method using International Burch University (IBU) database. The dataset consists of face images, training data for training classifier and test data for the evaluation of the final methods. They compared two methods, which are SVM and Random Forest. It begins with reading the image from a database, perform skin colour detection, then convert RGB to greyscale, optimize the histogram value of the methods and used it to classify and retrieve the accuracy of the images. During the testing phase, RF has built 30 trees where each of the trees has considered nine random features. As the results, Random Forest obtained 97.17% inaccuracy. The number of cross-validation folds used in Random Forest evaluation is k = 10. The F-measure and receiver operating characteristic (ROC) area of Random Forest is 97% and 0.998, respectively; which are better than SVM with F-measure of 95% and ROC of 0.95. Therefore, it shows that Random Forest has good performance and gave high accuracy as well as had less time taken to build the model compared to the SVM approach. Bayramoglu et al. (2013) have proven that Random Forest performed better in 3D Facial Action Unit detection by combining the person independent geometric features and descriptor based on Local Binary Pattern (LBP) approach. They proposed the combining descriptors for detecting 3D facial action unit (AU) by using the Random Forest as the classifier. The reason they used person independent geometric feature is that they want to overcome the diversity between different persons and different in ages by distance-based features. Therefore, they proposed in using ratios of distances and areas as well as angles on a single 3D face data. Besides, the Bosphorus database is used in their experiment where they tested their 3D AU detection methods. This database consists of 105 subjects with 24 facial AUs which result in 4666 face scans. Plus, it also has six basic expressions (anger, disgust, fear, happy, sad and surprised), occlusions, fixed rotation and image's intensity. A Gaussian filter is used to smooth the raw 3D data that contains spikes and noises. The performance of the 3D facial AU detection using Random Forest is evaluated by obtaining the mean percentage of ROC of 97.7%.
On the other hand, Drira et al. (2012) propose 3D Dynamic expressions' recognition based on novel deformation vector field and Random Forest. In this work, they used BU-4DFE database and Deformation Vector Field (DVF) approach where it is basically a Riemannian facial shape analysis dynamic information of the whole face where the resulting temporary vector field will be used to create a feature vector for recognition of expression from 3D dynamic faces. Besides, a multi-class Random Forest is used with LDA-based feature space transformation to achieve the average recognition rate. The experiment was conducted with 60 subjects, including six basic expressions. Based on this experiment, they obtained 93.21% accuracy for the average recognition rate where it has 19% difference from Wang et al. (2006) where they only achieved 73.61% with their proposed method.
An iterative Multi-Output Random Forest (iMORF) algorithm for analysis of the unified face which estimating the head poses, facial expression and landmark position is proposed by Zhao et al. (2014) . Three databases were used, which were 300-W, Bosphorus and CK+. For 300-W, it is used to automatically detect facial landmarks where 6193 images re-annotated with 68 landmark points and three basic expressions (neutral, happy and others), while Bosphorus is used for face image processing with 105 subjects and 4666 faces with various expressions as well as a variety of poses. The CK+ database was used for research in automatic recognition of expressions where it has eight facial expressions (neutral, anger, contempt, disgust, fear, happiness, sadness and surprised) with 68 landmark points. The performance is evaluated by obtaining an accuracy of a head pose estimation and expression recognition. For head 3/7 pose estimation using 300-W database, their method achieved the highest accuracy with 86.40%. Meanwhile, for the accuracy of expression recognition, the method yet achieved another highest percentage compared to the other method with 90.04%.
Probabilistic Neural Network
Generally, Probabilistic Neural Network (PNN) is a multilayer feedforward network which consists of four layers, which are input, hidden, summation and output layers. The reason why PNN is chosen is that it is suitable and often used for classification and pattern recognition problems. The process flow is close with the basic NN as the input in the first layer will compute the distance from input vector to training input vector which then produces a vector that the elements will indicate how close the input with training input. For the second layer, the contribution for each class of inputs will be summed together and produce output as a vector of probabilities. Finally, the maximum of probabilities is picked from the complete for transfer function on the output of the second layer which results in producing 1 for positive identification for the class and 0 for negative identification for the non-targeted class (Rutkowski, 2004) .
Support Vector Machine
Support Vector Machine (SVM) can be defined as a dimensional hyperplane that separates a set of positive examples from a set of negative examples with maximum margin. Tang and Huang (2008) proposed a 3D 25 facial expression recognition based on the properties of line segments connecting with facial feature points. In their work, they used multi-class SVM and perform expression recognition for person and gender independent using the properties of line segments that connect with certain 3D facial feature points. About 96-dimensional features comprised of the normalized distances and slopes of the line segments are used to recognize the six basic expressions which are anger, disgust, fear, happiness, sadness, and surprised. The result of the recognition rate obtained from this work is 87.1% with the highest average recognition rate which is 99.2% for recognition of surprise expression. The results in this work have outperformed the other related work which they compared.
OUR PROPOSED METHOD
One of the standard phases in the face processing field is to perform facial feature extraction. Between facial features used in face processing are Local Binary Pattern (Bayramoglu et al., 2013; Sandbach et al., 2012) , surface normal (Ujir, 2014) , facial feature distances (Soyel & Demirel (2008) ; Ying et al., 2017) et cetera. Certain fiducial points are used as the reference for the facial feature in the recognition process. Facial feature distance is the characteristic of distances extracted from the facial feature points. Facial feature distance can be obtained by various types of distance metric measurements such as Euclidean distance, Geodesic, and others. In our work, 83 facial feature points are used to calculate the facial feature Euclidean distance in the facial extraction phase, refer to Figure 1 . The Euclidean distance equation is as in equation 1.
The fundamental element of the Random Forest is to build a small decision tree with few other features where it can lead to a computationally cheap process. In addition, the main principle of Random Forest is a few groups of weak trees (learner) are combined to form a strong learner by obtaining the prediction data and result through averaging of all reached terminal nodes which are known as regression or taking the majority vote where it is based on categorical variables, which are called as classification. Furthermore, in a decision tree of the random forest, the input data will be entered from the top and while it is transverse down the tree, the data will be bucketed into smaller sets.
4/7
Figure 1: 83 facial feature points on BU-3DFE data )
The framework of the Random Forest used is as illustrated in Figure 2 . According to Radenkovic (2015) , in order to create a training model for the random forest, there are many decision trees required. Therefore, based on the figure above, for each of the decision trees, the number of features and N samples are chosen. Then, m will be extracted from the M features and should be much less than. A training set for this tree will be randomly chosen by using the estimated prediction error of the tree. Later, to choose the split feature, we will choose only among the features, and the best split is calculated based on the in the training set. Now, the decision tree will be created until its fully grown, and the grown tree is split as a maximum as it can, which means until the stopping criterion is achieved and no pruning of the tree. Therefore, when many trees have grown, it will create a random forest model where it is a combination of all the decision trees.
During the training phase for the Random Forest method, the data was divided into two parts, which were training and validation data set. In order to partition the data; hold-out validation was used due to its suitability for a very large data set while preventing the model from overfitting. A hold-out method was used to predict the output values for the unseen data (test/validation data). Then, it will estimate the error for the test set which was used to evaluate the model. In this project, 50% of a hold-out method was used.
Seven basic expressions with four expression levels of intensities (excluding neutral expression, which is only one intensity) were used. During the holdout validation, the data set was divided equally into training and testing data set. After partitioning the data sets, training was proceeded using classification by the Random Forest method. During the classification, the data sets were trained with grown trees, which were equal to 100 trees. According to Breiman (2001) , the more trees used in Random Forest, the better the accuracy will be obtained for prediction. Figure 2 : Random Forest process (Radenkovic, 2015) .
For the validation test, the validation data sets were used to determine the performance of the Random Forest method in terms of predicting the true class of the subjects. One of the parameters to know whether Random Forest can make a better prediction is by measuring the out-of-bag (OOB) error, which also known as a probability of misclassification. Each tree has its own OOB data set, which is used for error estimation of the individual trees in the forest (Kulkarni & Sinha, 2013) . We obtained a 7.14% OOB error. The lower the percentage of error rate, the better the performance of the method used for classification technique. In addition, OOB error for each grown tree also has been calculated and the graph for those errors for each of the grown trees is shown in Figure 3 . Based on figure 3, 100 number of grown trees will give the lower value of OOB and that justifies the 100 grown trees used. Table 1 shows the comparison between Random Forest, PNN and SVM based on their recognition rate. The result for Random Forest obtained 94.71% of recognition rate and followed by work by Soyel and Demirel (2008) yielded 87.88% of the recognition rate. For the implementation of SVM in work from Tang and Huang (2008) , they produced 87.81% of the recognition rate. In this comparison, BU-3DFE database is used, which contains basic expressions. Table 2 shows the average confidence rate for the subject with expressions using Random Forest. The confidence rate is the percentage of probability of a subject is recognized based on their facial expressions. The higher the confidence rate obtained, the higher the probability of the expressions belongs to the subject tested, which results in the correct recognition of the subjects. For instance, on average, 75.4% of the subjects with anger expression could be accurately recognized. There were 24.6% of them are mistakenly recognized as other subjects' anger face. The lowest recognition rate is neutral, 58.2%. In other word, when a subject shows a neutral/expressionless face, it can be easily mistaken as other persons. The highest recognition is for fear with 82%. For fear, the facial features for each of the subjects are significant. Therefore, a subject with fear expression is easy to recognize as their fear faces are different from one another. 
RESULTS AND DISCUSSION
CONCLUSION
Our goal is to compare the Random Forest method with PNN and SVM. Based on the results obtained, Random Forest has given a good performance where it has obtained a 94.71% recognition rate, which is better than PNN and SVM obtained 18.18% of the misclassification rate. The experiment setting used in this work is similar to the existing works in Soyel and Demirel (2008) and, Tang and Huang (2008) .
With these promising preliminary results, our future work will be on using Random Forest on real-time 3D face data, specifically on the face-recognition mobile application developed. In addition, a further test of the classification abilities of Random Forest for 3D facial expression classifications in consumer setting as well as data that consist of the non-frontal pose will be carried out.
